ABSTRACT SF 6 decomposition characteristics directly reflect the generation, development, and evolution of internal faults in gas-insulated equipment (GIE). However, establishing the DC-GIE internal insulation condition comprehensive division criterion and fault diagnosis method based on SF 6 decomposition characteristics remains unsolved. Therefore, partial discharge (PD) and SF 6 decomposition characteristics of typical insulation defects from initial discharge to the breakdown process are discussed in this paper. The average discharge magnitude in a second Q sec is selected as an electrical feature to characterize the PD condition, and the PD state is divided into three levels, namely, mild PD, medium PD, and severe PD. SF 6 decomposition experiments are conducted under different PD conditions of each defect, and the SF 6 decomposition characteristics under different failure conditions are obtained. On this basis, we construct five feature sets of 36 characteristic quantities for GIE PD fault diagnosis and analyze the validity. A minimum-redundancymaximum-relevance-based feature selection algorithm is used to optimize the characteristic quantities, and an optimal feature set is selected, i.e., {C(SO 2 )/C(T), C(SOF 2 )/C(CT), C(SO 2 F 2 )/C(ST)}. The characteristic quantities of SF 6 decomposition component, which characterizes PD condition, are reconstructed, and the component characteristic criterion of PD condition division is proposed. Thus, a decision tree evaluation model for the PD condition of the typical insulation defect inside DC-GIE is constructed. This paper lays a foundation for the insulation condition evaluation and fault diagnosis of DC-GIE.
I. INTRODUCTION
DC SF 6 gas-insulated equipment (GIE), represented by inflatable DC wall bushings, is extensively used in power systems with the rapid development of ultra-high-voltage DC (UHVDC) transmission and flexible DC technologies in China [1] - [4] . However, with the increase in GIE operating years, the insulation degradation problem of ''old age'' GIE is prominent, thereby threatening the safe operation
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of equipment and power grids. For example, Literature [5] reported 180 serious faults in the Norwegian transmission and transformation systems from 1973 to 2009, in which 77 faults were due to GIE insulation flashover. Therefore, ensuring the reliable operation of GIE insulation is crucial for the safe operation of complex large power grids.
GIE insulation faults are mostly caused by continuous cracking of insulation defects in the equipment at long-term operating voltages. These phenomena are typically expressed in different forms and degrees of partial discharge (PD) in the early stages of failure. Existing GIE fault diagnoses and condition monitoring technologies rely on ultra-high frequency (UHF), pulse current and ultrasonic information [6] , [7] excited by PD. These technologies have played a positive role in improving the operational reliability of the GIE. However, in the actual use of these monitoring technologies, monitoring sensitivity and reliability will be inevitably reduced given the existence of complex and strong electromagnetic interferences in a substation. To solve the difficult problem of effective monitoring of early latent insulation faults in GIE, a monitoring technology with strong anti-interference capability must be obtained urgently to accurately detect and identify various latent insulation faults in the field GIE and obtain characteristic information that characterizes the types and degrees of insulation faults. SF 6 gas has excellent insulation and arc extinguishing performance, but it will decompose into low-fluorine sulfides, such as SF 5 , SF 4 , SF 3 , SF 2 , and SF under the action of high-energy electromagnetic pulse excited by PD. These low-fluorine sulfides will further react with trace moisture and oxygen, which are inevitable exist in the gas chamber, to form stable decomposition products, such as SO 2 F 2 , SOF 2 , SOF 4 , SO 2 , CF 4 , CO 2 , HF, and H 2 S, thereby resulting in insulation performance degradation of GIE [8] - [10] . Many studies have shown that [11] - [17] the type, content and variation of these decomposition components are directly related to the type and severity of GIE internal insulation faults. The variations in SF 6 decomposition characteristics directly reflect the generation, development, and evolution of faults. Through systematic research on the SF 6 decomposition characteristics in different fault development stages, the characteristic information that reveals the generation, development, and evolution process of GIE internal insulation fault can be extracted from the essence, and the GIE internal insulation condition comprehensive division criterion and fault diagnosis method can be established. Moreover, the condition monitoring method called SF 6 decomposed component analysis (DCA) is highly reliable because this method is free from environmental noise and electromagnetic interference and can be complemented well by traditional PD detection methods, such as UHF and ultrasonic. The DCA condition monitoring method has recently become the focus of global power equipment manufacturers and power operation and maintenance units.
Through nearly a decade of efforts, researchers have largely acquired decomposition characteristics under different PD types. For example, in Literatures [14] , [15] , PD and SF 6 decomposition characteristics under four typical insulation defects were studied, and a three-ratio method similar to that used in transformer oil chromatography to identify fault types was proposed. Literature [16] , [17] studied the SF 6 decomposition characteristics under three different PD types, and the results showed that the type of SF 6 decomposition products and gas formation rate can be used for fault diagnosis. However, these scholars only considered the SF 6 decomposition characteristics of each fault type, without considering the influence of PD states on the identification results. Therefore, the SF 6 decomposition characteristics under different PD development stages were not obtained, and the SF 6 decomposition feature information, which could effectively characterize the evolution of different PD faults was not extracted. Furthermore, the difficult problem of dividing the PD condition by the SF 6 decomposition feature components remained unsolved.
In this research, four typical insulation defects (i.e., metallic protrusion, free conductive particle, insulator pollution, and insulator gap) in DC-GIE are designed. The correlations between SF 6 decomposition characteristics and typical insulation fault types and degrees are obtained through experiments. This research focuses on constructing an SF 6 component feature set for DC-GIE fault diagnosis and uses minimum-redundancy-maximum-relevance (mRMR) [18] - [21] criterion to filter the constructed component feature set. Back propagation neural network (BPNN) [22] - [25] is used for fault identification to verify the validity of the selected component feature quantity set. To solve the problem of using SF 6 decomposition characteristic quantities to estimate the DC-GIE insulation condition, this research adopts C4.5 algorithm [26] , [27] to construct a decision tree model for evaluating the PD condition of typical insulation defect of DC-GIE. This research lays a foundation for future online monitoring and insulation condition evaluation of DC-GIE through the DCA method.
II. EXPERIMENT A. INSULATION DEFECT MODEL
Numerous DC-GIE operation and maintenance experiences manifest that the main insulation defects leading to the overall insulation performance degradation of the equipment are as follows: (1) abnormal protrusion or residual metal powder on a high-voltage conductor given lax manufacturing quality control, (2) small air gap between a conductor and an insulator caused by mechanical vibration or thermal expansion and contraction during operation, and (3) metal objects left in the cavity after an inspection. These insulation defects are expressed in the form of PD in the early stage. If not treated in time, then these insulation defects will gradually deteriorate under the action of long-term operating voltage and eventually evolve into a sudden insulation fault characterized by spark discharge or local arc. This sudden insulation fault is similar to an ''insulated tumor'' to the safe and reliable operation of the equipment.
By abstracting these insulation defects, the following physical models can be used for simulation: metallic protrusion defect (protrusion) to simulate abnormal protrusions on highvoltage conductors, free conductive particles defect (particle) to simulate free metal powder that moves in a GIE cavity, insulator surface pollution defect (pollution) to simulate the defects of the insulator surface considering various kinds of pollution, and insulator gap defect (gap) to simulate the air gap formed by separating high-voltage conductor and basin insulator in GIE. In accordance with the characteristics of these defects, four kinds of insulation defect models are designed for experimental research, as shown in Fig. 1 .
As shown in Fig. 1(a) , the needle-plate electrode is used to simulate the protrusion defect. The distance between the needle tip and the plate electrode is 10 mm, the needle electrode cone tip angle is 30 • , and the curvature radius is 0.3 mm. All electrodes are made of stainless steel, and the plate electrodes have the same size, with a thickness of 10 mm and a diameter of 120 mm. As shown in Fig. 1 (b) , the particle defects are composed of the ball electrode, the bowl electrode, and the aluminum balls. The ball and bowl electrodes constitute a concentric spherical structure. The ball electrode has a diameter of 50 mm. The bowl electrode is cut by a hollow sphere. The diameters of the sphere and incision are 100 and 90 mm, respectively. A total of 20 aluminum balls, with a diameter of 3 mm each, are placed. As shown in Fig. 1(c) , to simulate the contamination defects, 4 mm × 20 mm copper scraps are attached to a cylindrical epoxy resin, with a diameter of 80 mm and a thickness of 25 mm. As shown in Fig. 1 (d) , to create the gap defect, the epoxy glue is used to bond the plate electrode with the cylindrical epoxy resin, and a 2 mm gap is left between the high-voltage electrode and the epoxy resin, with a diameter of 80 mm and a thickness of 50 mm.
B. EXPERIMENTAL PLATFORM
The experimental system for simulating the decomposition of SF 6 under the typical insulation defect of PD in DC-GIE is depicted in Fig. 2 . A voltage regulator (T 1 : 0-380 V) and a transformer (T 2 : 50 kVA/100 kV) provide AC high voltage to the circuit. A half-wave rectifier circuit, which is composed of a high-voltage silicon stack (D s : 100 kV/5 A) and a filter A coupling capacitor (C k : 500 pF/100 kV) provides a high-frequency, lowimpedance path to the pulse current, which is converted into a voltage signal by a non-inductive detection impedance (Z m : 50 ). Signals are displayed and stored by an oscilloscope (DSO: Tektronix DPO 7254C). The gas chamber is made of stainless steel, with a favorable sealing performance and a volume of 60 L. Gas chromatography-mass spectrometry (Shimadzu QP-2010Ultra GC/MS), which can simultaneously detect SO 2 F 2 , SOF 2 , SO 2 , CS 2 , H 2 S, CF 4 , and CO 2 with a sensitivity of 0.01 ppm, is used to detect the types and contents of SF 6 decomposition components.
C. EXPERIMENTAL METHOD
The four defect models are placed in the gas chamber in the experimental platform depicted in Fig. 2 . The impurity gas in the gas chamber is repeatedly cleaned and filled with 0.3 MPa of pure SF 6 new gas until the H 2 O and O 2 contents in the chamber conform to the industry standard of DL/T 596-2015 [28] . To obtain the correlation between SF 6 decomposition characteristics and typical insulation fault types and degrees and prepare for the PD condition division and evaluation, the PD state must be divided to obtain the SF 6 decomposition characteristics of each insulation defect from the PD to the final breakdown. and then boosted to nearly U b (<U b ) through the grading voltage method. A PD experiment is conducted, and PD signal is detected through pulse current method recommended by IEC60270-2015. The grading voltage method under the four defects is shown in Table 2 .
The decomposition of SF 6 is caused by the accumulation effect of PD. Thus, this phenomenon is related to not only the pulse intensity of the PD but also factors, such as pulse repetition rate and discharge time. The discharge time can be ignored due to the same discharge time (96 h) of each set of experiments. Therefore, in this research, the average discharge magnitude in a second Q sec (unit: pC/s) is selected as the characteristic quantity for characterizing and dividing the PD condition. On this basis, the relationship between SF 6 decomposition characteristics and PD condition is established. Q sec is defined as follows:
where Q avg represents the average discharge magnitude of a single pulse, pC/pulse; and N represents the PD repetition rate, pulse/s. Under the action of the grading voltage listed in Table 2 , the variation ranges of Q sec under the protrusion defect are (1253 pC/s, 221882 pC/s) and (3003 pC/s, 177980 pC/ s) under the particle defect, (709 pC/s, 58741 pC/s) under the pollution defect, and (440 pC/s, 80245 pC/s) under the gap defect. The variations in Q sec under the four typical insulation defects are demonstrated in Fig. 3 . This research divides the PD state into three levels, that is, mild PD, medium PD, and severe PD, in accordance with Q sec by fuzzy C-means clustering (FCM) algorithm, as summarized in Table. 3. To obtain the decomposition characteristics of each typical insulation defect under different PD states, and lay the foundation for the final establishment of the correlation model of SF 6 decomposition characteristics and PD condition, in this research, two representative PD intensities are selected in each PD state of the four typical insulation defects, as summarized in Table 4 , and the SF 6 DC PD decomposition experiment are conducted continuously for 96 h. The components are collected every 12 h, and GC/MS is used to detect their types and contents. To ensure the accuracy of the experiment, all experiments are performed under the conditions of an ambient temperature of 20 • C and a relative humidity of 50%. The experimental results show that five stable components (i.e., CF 4 , CO 2 , SO 2 F 2 , SOF 2 , and SO 2 ) are detected in each experiment. 
III. CORRELATION CHARACTERISTICS BETWEEN SF 6 DECOMPOSITION CHARACTERISTICS AND PD CONDITIONS AS WELL AS FEATURE EXTRACTION A. CORRELATION CHARACTERISTICS BETWEEN SF 6 DECOMPOSITION CHARACTERISTICS AND PD TYPE
Considering the influence of PD condition on fault diagnosis, the data volume of SF 6 component information is large.
To facilitate the comparison of the similarities and differences of SF 6 decomposition characteristics under four kinds of defects, the effective value of SF 6 component concentration is processed, and the effective concentration C RMS of SF 6 decomposition components in different PD conditions is obtained. C RMS is defined as follows:
where C m (x) is the concentration of component x measured under voltage level m in the same discharge time, ppm. Six voltages are selected under each defect to perform the SF 6 decomposition experiment, N = 6. In Fig. 4 (a), C RMS (CF 4 ) under pollution and gap defects is greater than the protrusion and particle defects. CF 4 is formed by the reaction of C atom with F atom. The C atoms under the protrusion and particle defects are derived from metallic materials, are small in quantity, and require high energy to generate. However, the C atoms are relatively easy to generate given the existence of epoxy resin in the discharge region of the pollution and gap defects. Therefore, the CF 4 concentration can be selected as the characteristic quantity for judging whether or not the organic solid insulating material exists in the discharge region of the insulation defects.
In Figs. 4(b) and 5(a)-(b), no intersections occur between the four curves in the figures and the distinction is apparent. Therefore, the concentrations of CO 2 , SO 2 F 2 , and SOF 2 can be selected as the characteristic quantities to identify the four defects. In Fig. 4(b) , the order of C RMS (CO 2 ) under the four defects is: particle defect < gap defect < pollution defect < protrusion defect. CO 2 is mainly formed by the reaction of C atom with O 2 . Under the protrusion defect, the electric field near the needle tip is the strongest, and the high-energy electrons bombard the cathode surface to release C atoms. Thus, C mainly gathers around the cathode. Free electron collision SF 6 generates low-fluorine sulfide and F atom; given that this process mainly involves collision ionization and adhesion reactions, the F atom generated by the reaction is either uncharged or negatively charged [10] , [29] , [30] . Thus, these phenomena make C atoms more easily react with O 2 to form CO 2 than contact with F atoms. Moreover, the discharge frequency under the protrusion defect is much higher than the pollution and air gap defects. Therefore, C RMS (CO 2 ) under the protrusion defect remains the largest, although it does not involve organic solid insulating materials. Under the particle defect, considering that the chemical property of the F atom is more active than the O atom, C atom will preferentially react with F atoms to form CF 4 . In addition, PD does not involve organic solid insulating materials, thus, C atoms are difficult to produce. Therefore, C RMS (CO 2 ) under the particle defect is the smallest. Under the gap defect, the O 2 in the main chamber area is difficult to diffuse into the gap given the small gap size. When the O 2 in the gap is gradually consumed, the CO 2 becomes increasingly difficult to generate. Thus, C RMS (CO 2 ) is smaller under the gap defect than under the pollution defect.
In Fig. 5(a) , the order of C RMS (SO 2 F 2 ) under the four defects is: particle defect < pollution defect < gap defect < protrusion defect. SO 2 F 2 is mainly produced by the reaction of SF 2 and O 2 . Among the four defects, the total discharge energy under the protrusion defect is the largest, which is beneficial to form SF 2 , and its C RMS (SO 2 F 2 ) is the largest. In the process of SF 6 decomposition, the charges of SF x (x = 1-5) and F are typically different. Under the particle defect, the beating of the small aluminum ball leads to the formation of airflow, accelerates the diffusion movement of molecules and ions, enables SF x and F to overcome the action of electric field force and combines into SF 4 , SF 5 , and SF 6 , which is not conducive to the formation of SF 2 . Therefore, C RMS (SO 2 F 2 ) under the particle defect is the smallest. In comparison with the pollution defect, the discharge magnitude of a single pulse under the gap defect is higher, and the free electron impact SF 6 is more likely to generate low-fluorine sulfides, such as VOLUME 7, 2019 SF 3 , SF 2 , and SF; thus, its C RMS (SO 2 F 2 ) is larger than the pollution defect.
In Fig. 5(b) , the order of C RMS (SOF 2 ) under the four defects is: gap defect < pollution defect < particle defect < protrusion defect. SOF 2 is mainly produced by the reaction of SF 4 and H 2 O. Similarly, C RMS (SOF 2 ) under the protrusion defect is the largest given the largest total discharge energy. Based on the previous analysis, under the particle defect, SF 4 , SF 5 , and SF 6 are easily generated by the electron impact SF 6 , and its C RMS (SOF 2 ) is greater than that under the pollution and gap defects. However, in comparison with the pollution defect, SF 3 , SF 2 , and SF are easier to generate under the gap defect, which is not conducive to the formation of SF 4 ; thus, its C RMS (SOF 2 ) is smaller than that of the pollution defect.
In Fig. 5(c) , the C RMS (SO 2 ) variation curves under the particle, pollution, and gap defects are close and intersecting, whereas C RMS (SO 2 ) under the protrusion defect is over four times that of the three other defects. Therefore, the concentration of SO 2 can be used to identify a protrusion defect. SO 2 is mainly formed by the reaction of SOF 2 with H 2 O. C RMS (SOF 2 ) under the protrusion defect is over 10 times that of the three other defects; thus, its C RMS (SO 2 ) is the largest. However, C RMS (SOF 2 ) under the particle, pollution and gap defects are not much different, and the reaction that generates SO 2 is a secondary reaction; thus, the C RMS (SO 2 ) of these three defects is similar.
In summary, the concentration information of CF 4 , CO 2, SO 2 F 2 , SOF 2 and SO 2 can be used to recognize the PD types covered in this research.
B. FEATURE SET CONSTRUCTION
The previous analysis shows that the characteristics of CF 4 , CO 2 , SO 2 F 2 , SOF 2 , and SO 2 can be used to identify the PD faults of typical insulation defects in the DC-GIE. However, the accuracy rate based solely on the component content for fault diagnosis is unsatisfactory, regardless of the insulation condition assessment. According to the content of the components, Literature [31] redefined the complex characteristic quantities with distinct physical significances, that is, the content of carbon-containing component C(CT), which characterizes the deterioration degree of carbon-containing materials; the content of sulfur-containing component C(ST), which characterizes the deterioration degree of SF 6 gasinsulated medium; and the total component content C(T), which characterizes the overall deterioration degree of the GIE. C(CT), C(ST), and C(T) are characterized by (3) to (5), respectively. Given their distinct physical significance, this research directly refers to these characteristic quantities to learn the relationship between typical insulation defects and decomposition characteristics. Combined with the concentration characteristics of CF 4 , CO 2 , SO 2 F 2 , SOF 2 , and SO 2 , the present research constructs Feature set A (concentration feature set), which contains only the concentration information of SF 6 components for the DC-GIE fault diagnosis. Eight concentration characteristics are included, as listed in Table 5 . To facilitate the subsequent analysis, all characteristic quantities are numbered.
According to the concentration characteristics in Feature set A, 56 concentration ratios can be constructed. To reduce the redundancy, only one of the two concentration ratios that are reciprocal to each other is selected as an element construction feature set. In Table 6 , this research constructs Feature set B (concentration ratio feature set), which contains only the concentration ratio of SF 6 components for the DC-GIE fault diagnosis. Feature set B contains 28 concentration ratios, numbered 9-36. To use the concentration and concentration ratio of SF 6 decomposition components simultaneously for fault diagnosis, Feature set C (comprehensive feature set) with concentrations and concentration ratios is constructed and contains 36 comprehensive features.
On the basis of the research results of the DCA in AC-GIE fault diagnosis [14] , [15] , this paper also constructs Concentration feature set D and Concentration ratio feature set E for fault diagnosis. The comparison and analysis of the diagnosis effect of the five feature sets, an optimal feature set that can identify the insulation defects in the DC-GIE can be proposed. Here, Set D = {C(CF 4 
C. FEATURE SELECTION BASED ON THE MRMR PRINCIPLE
The feature numbers of Sets D and E are small. All features in Sets D and E are used for AC-GIE fault diagnosis. All features of Sets D and E are also selected for DC-GIE fault diagnosis in this research. However, given the large feature numbers of Sets A, B, and C, redundant information may exist if all features are selected for fault diagnosis. Therefore, in this research, the mRMR principle is used to select the features in Sets A, B and C, and the priority order of these features is obtained, thereby laying a foundation for fault diagnosis in the later research.
1) MRMR PRINCIPLE
mRMR is a feature selection method based on mutual information. This method selects the features in accordance with the principle of maximum statistical dependence. The method finds m features with the maximum relevance to the target category and the minimum redundancy between each other from the feature set. The definition of relevance D and redundancy R are presented as follows:
where S and |S| represent the feature set and the number of features it contains, correspondingly; I (x i ; c) represents the mutual information between feature x i and category c; and I (x i ; x j ) represents the mutual information between features x i and'x j . Given two continuous random variables x and y, whose probability densities are p(x) and p(y), respectively, and the joint probability density is p(x, y), the mutual information between x and y can be defined as:
When x and y are discrete random variables, (8) can be written as follows:
When the mRMR principle is used for feature selection, the value of D minus R is required to be the largest, as expressed in (10) .
Assuming that the set of all features (the number is n) is S n , m features are selected from S n in accordance with the mRMR principle, and the subset formed is S m . {S n −S m } is the subset of the remaining features. To obtain S m+1 , the (m + 1)th feature is selected from {S n − S m } and combined with S m to form S m+1 , which also satisfies the mRMR principle. The (m + 1)th feature must satisfy (11) :
2) OPTIMIZATION OF COMPONENT FEATURE SELECTION
Considering that the concentration and concentration ratio of SF 6 decomposition components are continuous random variables, the probability density function of all features must be known when calculating the mutual information. However, no research has ever reported their statistics. Therefore, this research discretizes the concentration and concentration ratio data of SF 6 decomposition components [32] . The following two N-dimensional feature vectors x and y are randomly selected for discretization processing. The specific process is presented as follows:
1) The elements in x and y are sorted in ascending order by numerical value respectively. 2) The value interval [x min , x max ] of x is divided into N x subintervals. The number of elements that fall within the ith subinterval is calculated and assumed to be n x (i). Therefore, the probability of elements in x falling into the ith subinterval is n x (i)/N . 3) The value interval [y min , y max ] of y is divided into N y subintervals. The number of elements that fall within the jth subinterval is calculated and assumed to be n y (j). Therefore, the probability is n y (j)/N . 4) When certain elements in x fall into the ith subinterval, the number of elements in y that fall into the jth subinterval on their corresponding dimensions is calculated and assumed to be n xy (i, j). Therefore, the probability is n xy (i, j)/N . Given four types of insulation defects in this research, N x and N y are taken as 4. At this point, (8) can be written as a discretized interval form, and the mutual information of the N -dimensional feature vectors x and y is obtained as follows:
When the value of n x (i), n y (j), or n xy (i, j) is 0,
Given that each element in Feature sets A, B, and C contains 192 data and four defect categories are available, the value of the category vector c is expressed in (14) On the basis of the mRMR principle, the selection priority of the feature quantities in Sets A, B and C are sorted. The results are summarized in Table 7 (the labels in the table  are detailed in Tables 5 and 6 ). The sorted feature sets are recorded as A 1 , B 1 , and C 1 . The first 13 feature quantities in Sets B 1 and C 1 are identical and are all concentration ratio features. 
IV. FAULT DIAGNOSIS USING SF 6 DECOMPOSITION COMPONENT CHARACTERISTIC QUANTITIES
The BPNN is a multi-layer feedforward neural network for network training based on error BP algorithm, which uses the steepest descent method to adjust the weight and threshold of the network continuously through back propagation to achieve the continuous decrease in mean square error of the network. The BPNN is a simple and universal intelligent learning algorithm, which is extensively used in the field of fault diagnosis. Therefore, this research combines the BPNN algorithm and SF 6 decomposition component features set extracted in Section 3 to diagnose the fault of the DC-GIE. The validity of each feature set is compared using a diagnostic accuracy rate. The research provides a reference for future engineering applications. The steps of the algorithm are presented as follows: 
where k = 1, 2, . . . , m. 6) Whether x + 1 is greater than the maximum number of iterations X must be determined. If so, then proceed to Step 8; otherwise, the local gradient δ of each layer neurons for the input samples must be calculated.
where q = 1, 2, . . . , Q; j = 1, 2, . . . , J ; i = 1, 2, . . . , I ; f (u) is the excitation function; and the S-type function (i.e., the Sigmoid function) is used here.
f (u) has the characteristics of continuous conductivity, and satisfies:
7) The weight correction h(x) must be calculated in accordance with the following equations. The weight must be corrected in accordance with the following equation:
. η is the learning rate. x = x + 1, and proceed to Step 4.
where q = 1, 2, . . . , Q; j = 1, 2, . . . , J ; i = 1, 2, . . . , I ; p = 1, 2, . . . , P. 8) Whether the training sample learning is finished must be determined. If so, then end; otherwise, return to
Step 3. The fault identification analysis is performed using Concentration feature set D as sample data, that is, 1, 2, . . . , 192) . Four defect types are encoded as the expected output d k of the neural network, as listed in Table 8 . A random value between [0, 1] is assigned to H PI (0), H IJ (0), and H JQ (0). The minimum deviation ε is set as 0.01, the number of maximum iterations X is fixed at 100, and the number of hidden layer neurons n is set as 10.
Considering that the input sample of the neural network is a matrix of 192 rows and 5 columns, this research uses an eight-fold cross-validation to identify the sample data. The results are summarized in Table 9 , and the comprehensive recognition accuracy rate is 69.79%. Similarly, with Concentration ratio feature set E as the input sample, the accuracy rate of identification is (45 + 35 + 43 + 42)/192 = 85.94%. The first m elements are selected as the new feature set from Sets A 1 , B 1 , and C 1 . These feature sets are indicated as the input samples of neural networks, and fault identification is conducted using the BPNN. The results are illustrated in Fig. 6 . The following main conclusions can be drawn from Fig. 6 : 1) In comparison with the concentration, the accuracy rate of using the concentration ratio to identify the insulation defect is higher, thus indicating that the concentration ratios of the SF 6 decomposition component are more suitable to be selected as the characteristic quantities for the DC-GIE fault diagnosis. 2) Regardless of selecting the concentration or concentration ratio of the SF 6 decomposition component as the feature quantity, when the number of elements in the feature set is the same, the recognition accuracy rate of the feature set selected on the basis of the mRMR principle is high, thereby denoting that the feature selection method based on the mRMR principle proposed in this research performs well.
3) The recognition accuracy rate is stable when the number of features selected from Sets A 1 , B 1 , and C 1 is at least 3. Therefore, to reduce redundancy, the feature set composed of the first three feature quantities can be selected as the optimal feature set for fault diagnosis of the DC-GIE: {C(SO 2 )/C(T), C(SOF 2 )/C(CT), C(SO 2 F 2 )/C(ST)}, with a recognition accuracy rate of over 90%.
V. PD CONDITION EVALUATION BASED ON SF 6 DECOMPOSITION CHARACTERISTICS A. CORRELATION CHARACTERISTIC BETWEEN SF 6 DECOMPOSITION COMPONENT CHARACTERISTICS AND PD CONDITION
Considering that the volume of the chamber affects the concentration of the SF 6 decomposition component, this research selects the effective concentration ratio (CR RMS ) of the SF 6 decomposition component to study the correlation between PD degree and SF 6 decomposition characteristics [8] . CR RMS is defined as follows:
where CR m (x/y) is the concentration ratio between the SF 6 decomposition component x and y at the mth measurement. Each set of experiments must be sampled 8 times. CR m (x/y) is defined as follows:
where C m (x) and C m (y) are the concentrations of the components x and y measured in the mth measurement, respectively, ppm. Compared with C atoms, F atoms are likely to react with metallic elements to form metal fluorides. The generation of CF 4 requires the consumption of four F atoms, whereas the fracture of four S-F bounds requires high energy collision ionization. This phenomenon manifests that the generation condition is more stringent in CF 4 than in CO 2 . The generation of CF 4 and CO 2 requires the consumption of C atoms, and both reactions are performed simultaneously with varying degrees of intensity of the reaction. With the growth of Q sec , more and more F atoms are generated by the reaction, and the remaining O 2 in the chamber is acceleration reduced. Thus, the capability of CF 4 to compete for C atoms is enhanced in comparison with CO 2 . Therefore, the concentration ratio C(CF 4 )/C(CO 2 ) can reflect the PD degree. A large ratio indicates an increasingly serious PD. SO 2 F 2 and SOF 2 are formed by the reaction of lowfluorine sulfides with H 2 O and O 2 . Among them, SOF 2 is mainly produced by hydrolyzing SF 4 . Moreover, the reaction of SF 2 and O atom will form SOF 2 . However, O atoms generally exist in the discharge region, and the content is much smaller than SF 2 . Most of SF 2 will diffuse into the main gas chamber and react with O 2 to generate SO 2 F 2 . Therefore, in comparison with SOF 2 , an increase in SF 2 is more conducive to generating SO 2 F 2 . With the increase in Q sec , the formation characteristics of SF 2 and SF 4 are different. Therefore, the concentration ratio C(SO 2 F 2 )/C(SOF 2 +SO 2 ) can also reflect the PD degree. In general, a large Q sec indicates a favorable formation of the low-fluorine sulfide SF 2 in comparison with SF 4 . Therefore, under the protrusion, pollution and gap defects, the larger the ratio is, the more serious the PD is. However, the analysis shows that the electron impact SF 6 easily generates SF 4 and SF 5 under the particle defect, which is disadvantageous for the formation of SF 2 . Thus, the smaller the ratio is, the more serious the PD is.
In summary, this research selects the effective concentration ratios CR RMS (CF 4 /CO 2 ) and CR RMS [SO 2 F 2 /(SOF 2 + SO 2 )] as the characteristic quantities, and further studies the relationship between the SF 6 decomposition characteristics and the degree of PD failure. In Figs. 7 and 8, under the particle defect, CR RMS [SO 2 F 2 / (SOF 2 + SO 2 )] decreases with the increase in Q sec , whereas, in the remaining cases, CR RMS (CF 4 /CO 2 ) and CR RMS [SO 2 F 2 /(SOF 2 + SO 2 )] increase with Q sec . The experimental results are consistent with the abovementioned analysis. Therefore, the ratios C(CF 4 )/C(CO 2 ) and C(SO 2 F 2 )/C(SOF 2 + SO 2 ) can be used to evaluate the PD condition of typical insulation defects inside the GIE.
Taking the protrusion defect as an example, the correlation between CR RMS (CF 4 /CO 2 ), CR RMS [SO 2 F 2 /(SOF 2 + SO 2 )], and the PD degree is analyzed. In Fig. 7(a) , under the protrusion defect, CR RMS (CF 4 /CO 2 ) increases with Q sec , this result is similar to the ''S'' curve. Thus, the curve can be divided into three periods, namely, start growth period (Region I), accelerated growth period (Region II), and saturated growth period (Region III). In Region I, the electron energy is very small, which is not conducive to the formation of CF 4 . Thus, CR RMS (CF 4 /CO 2 ) grows slowly. When Q sec increases to Region II, the C and F atoms generated by the reaction increase continuously, more and more F atoms will react with the C atom to form CF 4 , and CR RMS (CF 4 /CO 2 ) will grow rapidly. In Region III, when Q sec further increases, the number of C atoms gradually reaches a dynamic balance, thereby limiting the formation of CF 4 and CO 2 . Its limiting effect is stronger on CF 4 than on CO 2 , thus, the growth rate of CR RMS (CF 4 /CO 2 ) is decreasing.
In Fig. 8(a) , under the protrusion defect, the variation curve of CR RMS [SO 2 F 2 /(SOF 2 + SO 2 )] can be divided into two periods, namely, fast growth period (Region I) and slow growth period (Region II). In comparison with SO 2 F 2 and SOF 2 , the amount of SO 2 generated is very small. Thus, CR RMS [SO 2 F 2 /(SOF 2 +SO 2 )] is mainly determined by the concentration of SO 2 F 2 and SOF 2 . Moreover, the increase in SF 4 is beneficial to the generation of SOF 2 , and the increase in SF 2 is beneficial to the generation of SO 2 F 2 . In Region I, with the increase in Q sec , the electron energy increases, and the high-energy electron impact SF 6 The two SF 6 component concentration ratios (C(CF 4 )/ C(CO 2 ) and C(SO 2 F 2 )/C(SOF 2 + SO 2 )) are selected as characteristic quantities to evaluate three PD states (mild PD, medium PD and severe PD) in this research. The decision tree can be generated using the C4.5 algorithm, and the PD degree can be evaluated by decision tree classification.
The C4.5 algorithm adopts the concept in information theory to use the information gain ratio as the measure of the classification and discriminative capability of decision attributes, and selects the decision node attributes. The main formulas for calculating the information gain ratio in the C4.5 algorithm are described below.
1) Information entropy of categories If S is a set of s data samples belonging to m different categories C i (i = 1, 2, . . . , m), then the information entropy of the sample category is
where N (C i , S) represents the number of samples that belong to categories C i in set S, whereas |S| represents the number of samples in set S.
2) Information entropy of category conditions
After the sample set S is partitioned by attribute A, the information entropy of the category condition is
3) Information gain The information gain of attribute A as a node is
4) Information entropy of attribute A The information entropy of all values of sample set S for attribute A is
5) Information gain ratio The information gain ratio at which attribute A divides sample set S into subsets is:
Through the abovementioned method, the information gain ratio of all attributes of the current sample is obtained. The attribute with the maximum information gain ratio is considered the current test attribute, and the sample set is divided into several subsets through this attribute. The same method is used to continue the partition of each subset until it is inseparable or reaches the termination condition.
The C4.5 algorithm uses a strategy of discretizing attribute value space to convert continuous attributes into discrete attributes for calculation. The pruning method is used for pruning after the whole tree is established. Searching from the inner node at the bottom of the decision tree, the pruning process may restart from the newly generated lowest-level node by deciding to subtract the node that satisfies the pruning rules. Pruning continues until all nodes do not satisfy the pruning rule. 
2) PD CONDITION COMPONENT DIVISION CRITERION
Under the four kinds of defects, the experimental SF 6 component concentration ratios C(CF 4 )/C(CO 2 ) and C(SO 2 F 2 )/C(SOF 2 + SO 2 ) are used as input samples. The number of target categories is set to 3. The decision tree is constructed through the abovementioned method, and the eight-fold cross-validation is used to measure the classification accuracy of the decision tree method. Finally, the component characteristic division decision tree criterion of the PD condition is listed in Table 10 . Table 11 summarizes the PD degree evaluation accuracy rate of each insulation defect. The PD degree evaluation accuracy rate under the four defects is approximately 90%. Therefore, the condition division criterion listed in Table 10 can be used to characterize the PD condition. 
VI. DISCUSSION
The use of SF 6 DCA to diagnose GIE internal insulation defects and assess PD condition is a challenging work. The difficulty of this research lies in the accurate division of the internal insulation fault condition of the GIE. At present, no relatively uniform standard exists in the academic circle. In addition to the complexity and diversity of the SF 6 decomposition process under the action of PD, accurately obtaining the decomposition characteristics under typical insulation condition is difficult. To solve the abovementioned problems, this research adopts the most primitive method of multiple repetitive experiments. However, the results still fail to satisfy expectation. In addition to PD fault, partial over-thermal fault and high-energy discharge fault may occur in the GIE. The accurate simulation and realization of the SF 6 decomposition characteristics under these faults and the extraction of the component characteristic quantities to characterize these fault conditions still require considerable basic experimental and theoretical research.
In terms of measuring the effectiveness of component characteristic quantities, this research only considers the fault diagnosis accuracy rate that is most concerned with engineering application. The fault diagnosis method used is the simplest BPNN method in engineering. The authors recognize that this measure is far from sufficient, but we have not yet determined an improved solution. We hope that peer experts will find favorable suggestions.
In terms of the PD condition component division criterion, this research aims to analyze the correlation between SF 6 decomposition characteristics and PD condition from the perspective of fault energy. The two component characteristic quantities, that is, C(CF 4 )/C(CO 2 ) and C(SO 2 F 2 )/C(SOF 2 +SO 2 ), are extracted to characterize the PD condition. However, the relationship between the characteristic quantity C(SO 2 F 2 )/C(SOF 2 +SO 2 ) and the PD condition under the particle defect is opposite to that of the three other kinds of insulation defects. The authors initially consider that this result is due to the discharge energy characteristics of the particle defects. However, no experimental and theoretical bases for proving the problem have been found. We sincerely ask peer experts for a favorable suggestion here.
VII. CONCLUSION
1) The relationship between the SF 6 decomposition characteristics and the typical insulation defect in the GIE is studied experimentally. The SF 6 PD decomposition experiment is conducted under different fault conditions of four typical insulation defects in the DC-GIE. The results show that SF 6 will decompose into stable components, such as CF 4 , CO 2 , SO 2 F 2 , SOF 2 , and SO 2 , of which SOF 2 is the most important decomposition product. The formation characteristics of the five components are closely related to the types and degrees of the insulation defect. Therefore, the SF 6 decomposition characteristics can be used to identify the internal defects of the DC-GIE and evaluate their insulation condition. 2) A component characteristic index system for the DC-GIE internal insulation fault diagnosis is constructed. On the basis of the basic characteristic quantities of five decomposition components, 36 component features for identifying typical insulation defects in the DC-GIE are constructed. The mRMR principle is used to optimize the ordering of these component features. Finally, {C(SO 2 )/C(T), C(SOF 2 )/C(CT), C(SO 2 F 2 )/C(ST)} is selected as the optimal feature set for identifying the internal insulation defects of the DC-GIE, and the identification accuracy rate is over 90%.
3) The characteristic quantities of the SF 6 decomposition component that characterizes the PD condition are reconstructed, and the component characteristic criterion of the PD condition division is proposed. Q sec is selected as the characteristic quantity for characterizing the PD degree, and the PD degree is divided into three levels, namely, mild PD, medium PD, and severe PD. C(CF 4 )/C(CO 2 ) and C(SO 2 F 2 )/C(SOF 2 + SO 2 ) are proposed as characteristic quantities to evaluate the PD condition. Moreover, a decision tree division criterion for evaluating the PD conditions of the four defects based on the C4.5 algorithm is constructed.
